Aiming at the limited energy characteristics of wireless sensor networks, we apply game theory to solve the power control problem to reduce energy consumption in wireless sensor networks. In this paper, a distributed power control algorithm based on non-cooperative game theory under incomplete information is proposed, which adopts Signal-to-Interference Noise Ratio (SINR) as utility function. The purpose of power control algorithm for noncooperative game is to achieve the largest utility by optimal power control strategy, thus improve the total network energy efficiency. Moreover, Bayesian Nash equilibrium theorem is introduced to study the existence and uniqueness proof of Nash equilibrium algorithm. Simulation results show that there exist points for each of the cost functions considered, which give the maximum net utility given the strategies taken by all other nodes as fixed. And the proposed algorithm is efficient and can achieve better performance. more retransmitted packets wasting even more energy. Hitherto energy efficiency has been investigated extensively and various approaches to achieve an energy efficient network includes, scheduling sensor nodes to alternate between energy-conserving modes of operation, competent routing algorithms, clustering, incorporating astuteness and use of spatial localization at every node to lessen transmission of redundant data. Nodes specialization to different roles such as idle, sensing, routing and routing/sensing to maximize the utility of the nodes [3] has been proposed. An approach for optimizing transmit power for an ad-hoc network scenario [4] where all the nodes uses a uniform transmit power, and numerical results of transmit power sufficient to satisfy the network connectivity has been proposed. In recent years there has been a growing interest in applying game theory to study wireless systems [5] , which used game theory to investigate power control and rate control for wireless data. The authors provide motivations for using game theory to study communication systems, and in particular power control [6] . Distributed iterative power control algorithms have been proposed for cellular networks; these algorithms examine to find the power vector for all the nodes that minimizes the total power with good convergence. Decentralized, game theoretic adaptive mechanisms, which can be deployed to manage sensor activities with low coordination overhead has been explained [7] .
Introduction
A wireless sensor network (WSN) is a group of specialized sensor nodes each of which is small, lightweight and portable with a communication infrastructure intended to monitor and record conditions at diverse locations. Generally sensors are battery powered and have feeble data processing capability and short radio range [1] . The resource-constraint temperament of WSNs in terms of their size, cost, weight and lifetime [2] is a key area of apprehension for most applications using WSN. Coupled with the inherent unreliability of the wireless channel, possible hostile environment in certain application-specific deployment regions and device unreliability of individual nodes, WSNs are subject to unique challenges for efficient power management to prolong network lifetime in addition to fulfilling sensing objectives of the application.
Energy efficiency and achieving reliability is a key issue in wireless sensor networks. Battery capacity is limited and it is usually impossible to replace them. Any operation performed on a sensor consumes energy, involving discharge of battery power. Hence battery power efficiency is a critical factor while considering the energy efficiency of WSN. The three domains of energy consumption in a sensor are sensing, data processing and data communication, out of which communication is the main consumer of energy. Hence transmission at optimal power level is very essential. Optimal transmit power level implies the power level which reduces the interference, increases the successful packet transmission and provides the desired quality of service. Maintaining the transmission power under control is furthermore favorable to decrease the packet collision probability, which if not leads to
Related Work
The power control in a wireless sensor network deals with the selection of proper transmission power for each packet at each link in a distributed fashion. This is a complex and intriguing problem since the selection of the power level fundamentally affects many aspects of the operation of the network and its resulting performance, for instance the quality of the signal received at the receiver, the interference it creates for the other receivers and energy consumption at each node. In traditional emergency or military situations, the nodes in wireless sensor networks usually belong to the same authority with certain common objectives. To maximize the overall system performance, nodes usually work in a full cooperative way and can unconditionally follow the designated algorithm with a system optimization method [10] [11] [12] .Recently ,emerging applications of wireless sensor networks are envisioned in civilian and commercial usage, where nodes typically do not belong to a single authority and may not pursue a common cooperate is unrealistic for autonomous users, especially when there are conflicting interests among the user [13, 14] . The autonomous nature of this evidently affects many aspects in the design of wireless sensor networks including the section power level, which is the focus of study in this paper.
The current power control algorithm includes two mainly types, they are centralized power control and distributed power control. Comparing with the centralized power control, the distributed power control does not require a large-scale data management, uses the present carrier interference radio measurement and transmission power, and so needs very little information. Therefore the research on the distributed power control algorithm is particularly important. Distributed power control issue in multi-user environment can be described that, chooses transmitting power levels of n users in the premise of not violating the interference temperature and in limited spectrum holes, so that makes the joint data transmission rate maximal [15] . In recent years, power control has received intense attention for ad-hoc wireless networks and wireless sensor networks. In [16] , a power control method is described as a Markov chain. An interesting characterization of power control algorithms from a control theoretic perspective can be found in [17] . With reference to WSNs, the authors of [18] investigate power control in a cooperative diversity scheme, which includes sleeping disciplines for the nodes. Compared to these contributions, and references therein, our original approach consists in modeling the physical layer characteristics that are necessary to implement power control algorithms for off-the-shelf WSNs. the paper [19] proposes a power control scheme for the case in which there is only one primary user and several secondary users, the study [20] , assuming that there is only one primary and one secondary user in the network, proposes an opportunistic transmission scheme that is based on the assumption that the cognitive user has knowledge of the channel coefficients for all links, and exploits this knowledge to tune her transmit power. The paper [21] considers a Poisson random network model, wherein each primary user has a reassigned probability to transmit in each available time slot, and develops a power control algorithm for the secondary users exploiting instantaneous and local spectrum opportunities without causing unacceptable interference to primary users; in the study [22] , finally, the tool of geometric programming is used to develop a distributed power control algorithm aiming at maximization of the total capacity of the secondary network subject to an interference constraint to primary users.
Our work, using a non-cooperative game theory to solve power control problem in the high-load wireless sensor networks, proposes an incomplete information power control algorithm. We use each node's signal to noise ratio (SINR) as the utility function and we study the existence and uniqueness of Nash equilibrium. Simulation results show that he proposed algorithm is efficient and can achieve better performance.
System Model
In this paper, we apply non-cooperative game theory with incomplete information to solve the problem of power control in wireless sensor networks. To formulate the non-cooperative power control analytically, we first model the self-interest property for power control in wireless sensor networks. Nodes transmitting are the players. Non-cooperative game theory means how players select strategy in mutual influence to maximize benefits. Node uses the minimum power to achieve the highest signal to noise ratio. Node power selection depends on the power selection strategy of other nodes. However, in a distributed sensor network, none node knows the power selection strategy of other nodes.
Therefore, this paper uses incomplete information dynamic game power control model. Because each node can not freely increase their own power in order to achieve a successful transfer, it will not only increase the interference to other nodes, but also lead to its neighbor nodes increase their power for interference transmission. In order to control the behavior of non-cooperation, this paper designs a balanced game strategy. Assuming all nodes in the games are "rational", in non-cooperative game strategy, all nodes will choose the best strategy Copyright ⓒ 2014 SERSC for power transmission. The purpose of power control algorithm for non-cooperative game is to achieve the largest utility by lowest power cost. shows that c as the receiver under consideration. Node a, while transmitting to node b, acts as an interferer to node c. the reverse need not necessarily be true since the transmission power of node a and nod c can be different. We proceed to obtain an expression for the average number of potential interfering neighbors around a receiver. A rigorous treatment for the distribution of interference power can be found.
The non-cooperative game theory model can be described in three elements.
(1)Participants set
, which are n nodes transmitting in the network. , which are the strategies selected by all participants in the network according to their own utility function to maximize their benefits.
Any node i n 's utility function in the paper can be described as below. i s  are the strategy sets of all nodes except for the i n .
( , ) ( )
W is available spread spectrum bandwidth, R is transmission rate after spectrum spread. Nodes access a wireless sensor networks through the air interface which is a common resource and they transmit information expending battery energy. Since the air interface is a shared medium, each node's transmission is a source of interference for others. The Signal-to-Interference Noise Ratio (SINR) is a measure of the quality of signal reception for the wireless nodes. Typically, a node would like to achieve a high quality of reception (high SINR) while is at the same time expending a small amount of energy. Thus, it is possible to view both SINR and battery energy as commodities that a wireless node desires. There exists a tradeoff relationship between obtaining high SINR and low energy consumption. Finding a good balance between the two conflicting objectives is the primary focus of the power control component of radio resource management. This tradeoff is illustrated through the conceptual plot in Figure2.If the transmit power is fixed (fixed battery drain), with increasing the SINR of the node, the net utility increases. For sufficiently large SINR values, the error rate approaches zero which results in an asymptotic increase in net utility in the high SINR region. If the SINR is to be fixed, increasing the transmit power expedites the battery drain, which effectively reduces the satisfaction of the node. 
Non-cooperative Power Control Game
Because transmission power choice of transmission in sensor networks is the problem of non-cooperative game theory with incomplete information, we can have following result by using Bayesian Nash Equilibrium Method. But power game in the real world, in order to reduce the payments as well as reduce power costs, does not allow the node forward at any big power value. So we should let transmission power within a certain range, we can assume that when transmission power as If the nodes are transmitting, expected net utility is equation (8) .If the node does not transmit the expected net utility is 0.The expected net utility of any node is given by From the equation (9) we can see that when the actual transmission power reach the value of upper bound, we get the same expected utility, i.e., 
We can get the following equation
(1) when 12 TT  , equation (11) can be written as
Cs is monotone increasing function of power i s , when 1 xT  , we get
TT  , equation (11) can be written as
Based on the above two cases, we can see that for any power 2 T ,if 21 TT , then
, so 1 T is the selected power when the network achieves the maximum net utility, no power except for 1 T can provide expected utility. That is 1 T is the solution of incomplete information power control of Nash equilibrium as well as the unique solution.
Numerical Results
In order to evaluate the power control algorithm performance, we consider the cost component ( 
Figure 2. Different Cost Functions
In Figure3, we can observe the variation of the net utility with increasing transmitting power. It is intuitive that there will be an optimal value of i s , beyond which the net utility will only decrease. This figure serves as a guideline for calculating the desired transmitting power to maximize net utility for a node i transmitting to node j , given the strategies taken by all other nodes. For finding the best response to the strategies adopted by other nodes, we assume a subset of nodes to be active that are operating with fixed strategies.
We varied transmitting power from 1 to 100 mW in our calculation. This desired transmitting power level gives the best response for the node. If a node unilaterally changes its strategy and does not transmit with this transmitting power level, then the node will not get its best response and will not be able to reach Nash equilibrium even if a Nash equilibrium exists for this model. Energy efficiency of three algorithms are compared to evaluate the power control algorithm performance: (1) MAXPTC: maximum energy power control algorithm, in which all of the nodes use the maximum transmit power to send packets; (2) MINPTC: minimum energy power control Algorithm, in which all of the nodes use the minimum transmitting power to send packets; (3) The proposed algorithm: the non-cooperative power control algorithm in this paper. We mainly consider two performance parameters for energy efficiency and data transmission success rate. Energy efficiency: the total number of corrected received packets is divided by the total consumed energy during per unit time. Data
Table 1. Simulation Parameter Settings
Energy efficiency and data transmission success rate of three algorithms is shown in Figure  4 and Figure 5 . We can see that the node's energy efficiency and data transmission success rate reduce with its distance from the sink increasing when the node uses three different power control algorithm. As shown in Figure 4 , MINPTC algorithm uses the minimum transmit power, the energy efficiency of MINPTC is the best among three algorithms. MAXPTC algorithm uses the maximum transmit power, the energy efficiency of MINPTC is the worst among three algorithms. The proposed algorithm can achieve better energy efficiency. 
MINPTC Algorithm
The Proposed Algorithm MAXPTC Algorithm
Figure 4. Energy Efficiency
As shown in Figure5, MINPTC algorithm uses the minimum transmit power, the energy efficiency of MINPTC is the best among three algorithms. But its transmission success rate is the worst. The reason is that the node uses minimum power can cause smaller SINR and interference ability, the average number of packets received less than the other two algorithms. Although the transmission success rate of MAXPTC is better its energy efficiency is the worst among three algorithms. The proposed algorithm can dynamically adjust the transmission power value to reach the Nash equilibrium which produces interference much lower than other two algorithms. So the proposed algorithm can achieve better energy efficiency and transmission success rate.
Parameter statement value
Scenario size/m 2 100×100
Numbers of nodes 30
Channel bandwidth (W) 1MHZ
Channel rate (R) 20kbps
Path gain (h i ) 7.75×10 - 
Conclusion
Power control in wireless sensor networks is an important issue due to the limited energy of the senor nodes. The power control protocol can help to decrease the transmission power of a node to a proper level and guarantee the link quality. In this paper, we presented a non-cooperative game algorithm with incomplete information to solve the power control problem in sensor networks. We apply Bayesian Nash equilibrium theorem to determine the existence and uniqueness proof of Nash equilibrium algorithm. Simulation results show that there exist points for each of the cost functions considered, which give the maximum net utility given the strategies taken by all other nodes as fixed. And the proposed algorithm is efficient and can achieve better performance.
